ABSTRACT I present a new approach for calculating probabilities of identity by descent for pairs of haplotypes. The approach is based on a joint hidden Markov model for haplotype frequencies and identity by descent (IBD). This model allows for linkage disequilibrium, and the method can be applied to very dense marker data. The method has high power for detecting IBD tracts of genetic length of 1 cM, with the use of sufficiently dense markers. This enables detection of pairwise IBD between haplotypes from individuals whose most recent common ancestor lived up to 50 generations ago.
T WO haplotypes are identical by descent (IBD) if both copies were inherited from a shared common ancestor. In studies of related individuals, the ancestors are members of the known pedigree. However, in a population sample, genealogical information is not usually known, yet all individuals are related to each other, if only distantly. Tracts of IBD between individuals from a population sample will tend to be shorter than tracts of IBD in closely related individuals.
Except for the possibility of recurrent mutation, all identical alleles are technically IBD. This article, however, focuses only on tracts of IBD due to relatively recent shared ancestry (such as ,100 generations). Chapman and Thompson (2003) show that even after 100 generations of random mating in a growing population, IBD tracts will have an average length of 0.6 cM. Thus, for the remainder of the article, IBD implies extended tracts, covering multiple markers, of shared material inherited from a common ancestor.
Recent technological advances have now made it cost effective to genotype high-density markers on a large scale. This provides the potential of detecting IBD tracts that are much shorter than those that could be detected previously. To maximize ability to detect such tracts, it is important to use appropriate statistical tools.
Some existing methods are based on the observed extent of tracts of allele sharing (Houwen et al. 1994; Te Meerman et al. 1995; Nelson et al. 2006; Miyazawa et al. 2007) . This is somewhat inefficient, as information on haplotype frequencies is being ignored. Studies of extended homozygosity demonstrate the existence of extended common haplotypes (Curtis et al. 2008) . Thus, unless haplotype frequency is taken into account, the rate of false-positive detection of IBD will be unnecessarily high.
Existing probabilistic methods (Leutenegger et al. 2003; Purcell et al. 2007 ) are based on hidden Markov models (HMMs) that incorporate dependence in IBD between neighboring locations but that assume independence between genotypes across markers (i.e., linkage equilibrium). This approach is very suitable for low-density genetic markers, but cannot properly utilize the information in dense marker data. Such methods will tend to overestimate IBD sharing if applied directly to dense data with high levels of linkage disequilibrium (LD). One strategy for circumventing this problem is to prune markers to reduce LD (Purcell et al. 2007) ; however, this also reduces the amount of information in the data and thus decreases power to detect tracts of IBD.
In this article, I present an approach for IBD detection that is probabilistic and accounts for LD in arbitrarily dense markers. The proposed HMM incorporates both dependence in IBD status through a Markov model for the IBD process and dependence in genotypes (i.e., LD) through modeling of haplotype frequencies. This approach enables detection of IBD tracts of length #1 cM. The current implementation of the method is restricted to known haplotypes, but I discuss future extension to unphased genotype data.
The central application of this work is to IBD mapping, in which an excess of IBD sharing between case individuals indicates the presence of disease susceptibility variants (Houwen et al. 1994; Te Meerman et al. 1995) . IBD mapping has potential for mapping genes or genomic regions containing multiple rare diseasesusceptibility variants (Purcell et al. 2007; International HapMap Consortium 2007) . IBD mapping is also powerful for detecting founder effects in isolated populations (Te Meerman et al. 1995; Nelson et al. 1 2006) . Traditional association testing relies on LD between a single marker or a haplotype block and the causal variant(s). However, for recent or rare disease variants the IBD tracts will extend over many markers in a dense marker panel, so that testing only a single marker or haplotype block will miss much of the available information.
There are several approaches to using estimated IBD tracts in IBD mapping of disease-associated genes. Socalled population-based linkage analysis (Purcell et al. 2007 ) tests for correlation between IBD sharing and phenotypic sharing. One straightforward approach is to look for unusually long tracts of IBD between pairs or groups of case individuals (Houwen et al. 1994; Te Meerman et al. 1995; Nelson et al. 2006) . Haplotype sharing and similarity-based methods (Van Der Meulen and Te Meerman 1997; McPeek and Strahs 1999; Tzeng et al. 2003; Beckmann et al. 2005; Wessel and Schork 2006) are additional approaches to IBD mapping.
METHODS
To decide whether two identical haplotypes are likely to be IBD, or are merely identical by state, it is necessary to assign a population frequency to the observed haplotype. Shared haplotypes with high frequency are probably not IBD (in the sense of having common ancestry within 500-1000 generations), while those with very low frequency are most likely IBD. To avoid falsepositive results, a very low threshold for the frequency of the shared haplotype is required to be sure of IBD. It is not feasible to estimate such frequencies directly from a population sample, as the sample will not be large enough to give an accurate estimate of a very small frequency. Instead, one needs to use a model for haplotype frequencies, and the model must incorporate LD. An appropriate model is the localized haplotype cluster model that has been used for haplotype phase inference (S. R. , which can be fit quickly using a heuristic algorithm. The hidden Markov model underlying the localized haplotype cluster method may be extended to include IBD status, and it is then possible to obtain posterior probabilities of IBD.
IBD prior probabilities: The proposed method requires the specification of a prior IBD model. To make the computations tractable, only a two-state Markov model is considered. The two states are IBD and non-IBD. It is assumed that IBD and non-IBD tracts have lengths drawn from exponential distributions. Thus, the model has two parameters: the expected length of an IBD tract, and the expected length of a non-IBD tract. While this model may appear to be overly simplistic, such models have proved to be reasonable approximations for the purpose of relationship inference (McPeek and Sun 2000) and for estimating homozygosity by descent (Abney et al. 2002) and inbreeding coefficients (Leutenegger et al. 2003) and should also prove adequate in this context.
In this work, I fix the values of the parameters (expected lengths of IBD and non-IBD tracts) in advance. It would be possible to estimate these parameters, perhaps by using an iterative approach in which an initial guess of the parameter values is used to obtain estimates of IBD, which are in turn used to reestimate the parameters, but I do not attempt that here.
The choice of parameter values affects the sensitivity and specificity of the method. However, in the context of IBD mapping, one can make use of a control sample for calibration. Assuming that one does not expect to see appreciable IBD in controls, one can estimate IBD probabilities in the controls and choose a threshold on these probabilities that will give the desired rate of falsepositive IBD detection. This calibration approach reduces the impact of the choice of prior.
Another approach is to choose parameter values that are reasonable in the context of a given founder population. In a rapidly growing population, most of the founding haplotypes will be retained, so the probability that two randomly chosen haplotypes are IBD now is $1/N, where N is the number of founding haplotypes. The ratio of expected IBD length to the sum of expected IBD length plus expected non-IBD length should equal 1/N in this case.
The Markov model is most suitable when an IBD tract is generated entirely by one path of descent. Consider, for example, IBD in half-cousins with one common grandparent but all other grandparents unrelated to each other: there is only one possible path of descent. IBD tracts generated by a single path of descent comprising m meioses have length distributed exponentially with a mean of 1/m morgans, assuming Haldane's model (Haldane 1919 ) (results are unlikely to be very different when considering interference, but calculations are more difficult). Thus, g generations after founding, single-path IBD tracts would have approximately exponential length distributions with a mean of 1/(2g) morgans.
However, for complex pedigrees with loops, it is possible to have an IBD tract made up of two or more sub-tracts with differing paths of descent, even though the IBD tract is entirely inherited from the same ancestral chromosome. Such multiple-path IBD tracts are on average longer than single-path IBD tracts and do not have exponential length distribution. Provided that the goal is to detect IBD rather than to obtain precise estimates of IBD probabilities, this is not a problem. If attention is focused on detection of single-path IBD tracts, multiple-path IBD tracts also will be detected because they are longer and thus more easily detected. From a detection point of view, the exponential length distribution assumption in the IBD model is not particularly important. For distantly related individuals, there typically will be at most one IBD tract per chromosome, and the process governing the length of that tract is essentially irrelevant, except that, if the length is too small, it will not be detected.
As an example, based on single-path IBD, consider the Maori population of New Zealand. The main Maori migration to New Zealand occurred $800 years ago (Sutton 1994) . There were $190 founding woman ancestors (Whyte et al. 2005 ). The population reached a level of $115,000 before the arrival of Europeans (Kirch 1984) . Suppose that there were 1000 founding ancestral haplotypes (500 individuals). The probability now of finding that two randomly chosen haplotypes are IBD would be $1/1000. Suppose further that there have been $30 generations (750 years at 25 years/generation) since the founding event. The mean length of a single-path IBD tract would be 1/60 ¼ 1.7 cM. To obtain a per-locus IBD probability of 1/1000, it is necessary that A/(A 1 B) ¼ 1/ 1000, where A ¼ 1.7 cM is the expected length of IBD tracts, and B is the expected length of non-IBD tracts. Solving, one obtains B ¼ 1698.3. Thus, for the Maori, one might model IBD tracts having an expected length of 1.7 cM and non-IBD tracts having an expected length of 1700 cM.
As a final consideration, note that for a collection of case individuals, greater-than-average IBD sharing is expected over the whole genome when the disease has some genetic basis (Voight and Pritchard 2005) . The parameters could be adjusted accordingly if one knew the extent of this effect.
In summary, the arguments described above for single-path IBD tracts can be used to obtain values for the parameters of the prior Markov model for IBD probabilities. These approximate values are likely to be adequate for the purposes of IBD detection, particularly if a control sample is available for calibration of falsepositive detection. On the other hand, if accurate estimate of actual IBD probabilities is desired, one could use the data to estimate these parameters. However, the simulations presented in the results show that the estimated IBD probabilities are somewhat biased, even when the correct prior model is used. Figure 1 , which is the more natural representation in the context of IBD probability estimation.
Each node of the graph corresponds to a haplotype cluster. Each haplotype cluster has an associated localization to a specific marker. Nodes in the same column in Figure 1 correspond to localization to the same marker. For example, nodes A and B correspond to marker 1, and nodes C, D, and E correspond to marker 2. Each node also has an associated allele. Also, each node transitions to one or more nodes with localization at the next marker. A node cannot transition to more than one node with the same associated allele. For example, node B could not transition to both nodes C and E, because both C and E are associated with allele 1. I refer to a node as a ''localized haplotype cluster.'' Every haplotype that is present in the data used to fit the model has a path through the graph representing the model. For example, the haplotype 1122 has path ACGK in Figure 1 . The path through the graph corresponding to a given haplotype is unique, because of the restriction that a node cannot transition to more than one node with the same allele label. I refer to a path through the graph as a ''haplotype cluster path''; it is a sequence of localized haplotype clusters.
A crucial aspect of the model is that of merging. A merge occurs when two or more edges transition into a single node. For example, edges from nodes C and E merge into node F at marker 3 in Figure 1 . Genetically, merges represent historical recombination, which breaks down LD. From a mathematical point of view, merges represent a Markov property: given that the haplotype traverses through node x localized to marker i, the alleles at markers i 1 1, i 1 2, . . . are independent of the alleles at markers 1, 2, 3, . . ., i À 1 (and of nodes localizing to those markers). From a computational point of view, merging ensures that the graph remains parsimonious.
The localized haplotype cluster model gives a hidden Markov model (S. R. . In Figure 1 , each edge has a transition probability indicated. The localized haplotype cluster (node of the graph) is the hidden state. (For phase-known data, the localized haplotype cluster is not actually ''hidden.'' However, I retain this terminology to facilitate future extension to unphased data.) The observed data are the alleles at each marker. Emission probabilities are always 0 or 1; the cluster always emits the associated allele. (Allowing for intermediate emission probabilities could be useful in some situations, but would greatly increase the computational burden.) Thus, the model gives haplotype probabilities, which are obtained by multiplying the relevant transition probabilities. In Figure 1 an artificial initial state has been added. This initial state has a probability of 1, so no initial probabilities are needed. The probability of haplotype 1122 (equivalently haplotype cluster path ACGK) is (0.52)(0.63)(0.51) (1) ¼ 0.167 (obtained by multiplying appropriate transition frequencies from Figure 1 ). For low-frequency haplotypes extending over large numbers of markers, it is not possible to obtain reasonable estimates of haplotype frequency simply by using observed (sample) frequencies; however, one can obtain useful estimates from the localized haplotype cluster model.
The localized haplotype cluster model accounts for the LD correlation structure along the haplotype in a parsimonious manner. Fitting of the model to data is computationally fast with the Beagle software package (http://www.stat.auckland.ac.nz/$browning/ beagle/beagle.html). When fitting the localized haplotype cluster model to a set of data, I assume that the haplotypes are independent. As IBD haplotypes are identical, I downweight the two haplotypes that are being investigated for IBD. Each of these two haplotypes is given weight 1/2, so that together they are equivalent to one haplotype. Failure to make this adjustment leads to IBD haplotypes appearing to have a higher population frequency than is actually the case, with a consequent decrease in power to detect IBD.
Hidden Markov model: The overall model is composed of the two components described above. The first is the IBD model, which is a continuous 0/1 Markov process. The second is the model for haplotype probabilities, which is a localized haplotype cluster model. Combining the IBD model with two copies of the haplotype model gives a joint hidden Markov model for IBD status and a pair of haplotypes.
The state of the joint model, at a given marker position, comprises 0/1 IBD status for the pair of haplotypes and a pair of localized haplotype clusters. The form of the transition probabilities for the joint model differs depending on the IBD status of the destination state.
Let s i denote the IBD status (0 for non-IBD and 1 for IBD) at position i. Let c i
(1) ½respectively, c i
denote the localized haplotype cluster (state of the localized haplotype cluster model) at position i, for the first (respectively, second) of the haplotypes that are being compared.
If the destination state has IBD status 0 (non-IBD), the haplotype transitions are conditionally independent, so the overall transition probability is the appropriate IBD model transition probability multiplied by each of the appropriate transition probabilities for the haplotypes. For example, to transition from state (s 1
2 ), the transition probability is P ðs 1 /0ÞP ðc If the destination state has IBD status 1 (IBD), the two alleles at this marker must be equal. Any position at which the two alleles differ has zero probability of IBD (although I expect to relax this constraint in future work to allow for genotype error). A property of the haplotype model is that knowledge of the allele at the next marker determines the transition from the current state. Thus, when the IBD status is 1, knowing one haplotype transition (and thus the associated allele) completely determines the other transition. This complete dependence implies that only one haplotype transition probability will go into the joint model transition probability. However, the two haplotypes may have different paths through the model, due to divergence in regions of nonidentity, and may remain divergent even in regions of identity. In this case, the transition probabilities of the two haplotypes may differ, and it is not clear which transition probability to use. To solve this problem I average the two candidate probabilities. (Other options are possible. For example, one could take the minimum, or one could weight the average by the counts on the corresponding edges. However, I have not investigated these alternatives.) Thus, the overall transition probability for the joint model is the appropriate IBD model transition probability multiplied by the average of the appropriate transition probabilities for the localized haplotype clusters. 
and the rate of change from non-IBD to IBD be 1/3000 per cM (thus non-IBD tracts have an expected length of 3000 cM). Suppose the four markers have approximate genetic positions (relative to the first of the four markers) of 0, 0.003, 0.009, and 0.012 cM. Thus, the probability of transition to non-IBD at marker 2 from IBD at marker 1 is $10 À3 , while the probability of transition to IBD at marker 2 from non-IBD at marker 1 is $10 À6 . The transition probabilities between markers 2 and 3 are approximately twice those between markers 1 and 2, while the transition probabilities between markers 3 and 4 are the same as those between markers 1 and 2. The initial probability of IBD at the first marker is 3/3003 ¼ 10
À3
.
4 Þ, the haplotype cluster path corresponding to the first haplotype, and similarly c (2) for the haplotype cluster path corresponding to the second haplotype.
Consider the IBD status of haplotypes 1111 and 2111. These haplotypes are clearly not IBD at the first position, but could be IBD at any of positions 2-4 (although a change in IBD status in a region this small has very low probability). The haplotype cluster paths corresponding to these two haplotypes are c
(1) ¼ ACFI and c (2) ¼ BEFI, respectively. Recall that the haplotype cluster path always determines the haplotype, and vice versa.
As a first example, the joint probability of the haplotype pair and that these haplotypes are entirely non-IBD (s ¼ 0000) is calculated. The two haplotypes are conditionally independent, given that they are completely non-IBD. Thus, P(s ¼ 0000,
Second, the probability of the haplotypes with the IBD pattern s ¼ 0111 (non-IBD at marker 1, IBD at markers 2-4) is calculated. To do so, the problem is separated into initial and transition probabilities: Initial probability: P ðs 1 ¼ 0;c Thus the full probability is P(s ¼ 0111,
À8 . As a final example, consider the IBD pattern s ¼ 1100. Because the alleles of the two haplotypes at the first marker differ, the haplotypes cannot be IBD at the first position. Thus, P(s ¼ 1100, c
(1) ¼ ACFI, c (2) ¼ BDFI) ¼ 0. Calculation of IBD probabilities: Given the HMM described above, the probabilities of joint IBD and haplotype cluster paths, P(s, c
(1) , c (2) ), can be calculated from the posterior distribution in a computationally efficient manner using forward-backward calculation (Baum 1972; Rabiner 1989) . Then, for each marker location, one can sum over states with IBD status 1 (i.e., IBD) at that location to obtain the posterior probability of IBD, P(s i ¼ 1 j c
(1) , c (2) ). Alternatively, one can sample multiple realizations from the posterior distribution (Thompson 2000 ; S. R. . At each marker, the sample proportion of IBD realizations gives the estimated posterior probability of IBD at that position. One advantage of the sampling approach is that it enables estimation of multilocus IBD probabilities (Hill and Hernandez-Sanchez 2007) . However, the sampling approach is more computationally intensive and less accurate. I used direct calculation in the results presented here.
Simulation study: The methodology described above applies only to known haplotypes, although I plan to extend it to unphased data in future work. The basis for the simulation study is phase-known haplotypes simulated using Cosi (Schaffner et al. 2005) and phased haplotypes from the control data from the Wellcome Trust Case Control Consortium (WTCCC) study (Wellcome Trust Case Control Consortium 2007) . IBD was artificially constructed in pairs of haplotypes, and then probability of IBD was estimated using the proposed methodology.
Although the natural unit of distance for IBD is genetic distance (in centimorgans), the lengths of the simulated regions were determined using physical distance (megabases) for computational convenience. Approximate genetic distances are given with the results.
Cosi version 1.1 was used with default settings to generate sets of 2000 haplotypes from a ''European'' population. Regions of length 1.2 Mb were generated, and, for each region, 400 markers were selected at random from those markers with minor allele frequency (MAF) of at least 5% to obtain data with an average 3-kb spacing. In addition, regions of length 3 Mb were generated, and, for each region, 100 markers were selected at random from those markers with MAF of at least 5% to obtain data with an average 30-kb spacing. On average, 1 cM corresponds to $1 Mb in the simulated data; however, the Cosi program simulates recombination hotspots, so the actual genetic distances vary. For the IBD analyses, I assumed that 1 Mb ¼ 1 cM throughout.
In addition to the simulated data, 6004 phased haplotypes from the WTCCC control collection were used. The individuals were genotyped using the Affymetrix GeneChip Human Mapping 500K Array Set (Wellcome Trust Case Control Consortium 2007) . Phasing of these haplotypes is described elsewhere (S. R. . For the purposes of this study, the estimated phase was treated as the true phase. Subsets of 300 consecutive markers were extracted from chromosome 1 and from chromosome 21, with random starting positions. The chromosome 1 data have an average marker spacing of 6 kb. The chromosome 21 data have an average marker spacing of 5 kb. The average correspondence between 1 Mb and 1 cM does not exactly hold for these chromosomes, and, in any case, the ratio varies from one region to another. However, for the IBD analysis performed here, I assumed that the 1 cM/Mb ratio holds.
For each data set, IBD was artificially created in one pair of haplotypes, and the probability of IBD was estimated at every marker for that pair of haplotypes. As a control, the analysis was also run using data in which no IBD had been created. To create IBD, the alleles in part of one haplotype were overwritten using the alleles in the corresponding part the other haplotype. The alleles outside the created IBD tracts were left unchanged. For the simulated data with 3-kb average spacing, IBD was created in the central 167 (of 400) markers or in the central 333 (of 400) markers, corresponding to an IBD length of $0.5 cM or $1 cM, respectively. For the simulated data with 30-kb average spacing, IBD was created in the central 33 (of 100) markers or in the central 67 markers, corresponding to an IBD length of $1 or $2 cM, respectively. For the WTCCC chromosome 1 data, IBD was created in the central 83 (of 300) markers or in the central 167 markers, corresponding to an IBD length of $0.5 or $1.0 cM, respectively. For the WTCCC chromosome 21 data, IBD was created in the central 100 (of 300) markers or in the central 200 (of 300) markers, corresponding to an IBD length of $0.5 or $1 cM, respectively. Twenty data sets were used for each type of data and IBD length, while 100 data sets of each type were used with no IBD for calibration of type I error.
The IBD prior model used in these analyses is based on a population somewhat older than the Maori population described above, but of approximately the same founding size. The average proportion of IBD sharing is one-thousandth, while the average IBD length is 1 cM. This model was chosen to facilitate investigation of whether IBD tracts of length #1 cM can be detected. Rather than make use of the genetic distances between the markers, the same transition probabilities were used between each adjacent pair of markers. Doing so may reduce the accuracy of the analysis slightly, but it suffices for this proof-of-principle study. For the simulated data with 3 kb (3 3 10 À3 cM) spacing, the transition probabilities used for IBD status were P(s i11
For the simulated data with 30 kb (3 3 10 À2 cM) spacing, the transition probabilities were P(
For the WTCCC chromosome 1 data, the transition probabilities were
À3 (on the basis of an average marker spacing of 6 3 10 À3 cM in these data). For the WTCCC chromosome 21 data, the transition probabilities were P(s i11 ¼ 1 j s i ¼ 0) ¼ 5 3 10 À6 and P(s i11 ¼ 0 j s i ¼ 1) ¼ 5 3 10 À3 (on the basis of an average marker spacing of 5 3 10 À3 cM). In addition, data sets were created in which IBD lengths were randomly distributed according to the same prior IBD model used in the analysis. In theory, estimated IBD probabilities should be approximately correct in this situation. Ten simulated data sets with 400 markers having a 3-kb average spacing were used (as described above), and 200 replicates of the random IBD length generation were applied to each data set for a total of 2000 replicates. For each replicate, a pair of haplotypes was selected at random, position and length of IBD were simulated from the prior IBD model, and the appropriate IBD was created in the chosen pair of haplotypes. Thus, in some iterations no IBD would be created, while in others the entire region might be IBD, or part of the region might be IBD. To generate a high proportion of regions containing some IBD, a prior IBD model with a high average proportion of IBD was used. Between each pair of adjacent markers the IBD model has the transition probability P(s i11 ¼ 1 j s i ¼ 0) ¼ 0.0006 and P(s i11 ¼ 0 j s i ¼ 1) ¼ 0.006. Thus, one-eleventh of the genome is IBD on average, and an IBD tract has an average length of 167 markers or $0.5 cM. For each replicate, estimated IBD was recorded at every 10th marker position. Table 1 and the top row of Figure 3 show estimated IBD probabilities for regions that are entirely non-IBD. For each of the four data types, 100 simulated non-IBD regions were used, and IBD probabilities were estimated at every marker position. Table 1 shows the distribution of IBD probabilities, as well as the distribution of the maximum IBD probability from each simulated region. On the basis of these results, it is appropriate to declare pairs of haplotypes with IBD probabilities .0.5 to be IBD. For the lengths of regions and marker densities considered here, this decision rule results in a false-positive rate of at most 4%.
RESULTS

Non-IBD regions:
IBD tracts: Table 2 and the middle and bottom rows of Figure 3 show estimated IBD probabilities from the IBD tracts. Results from both estimated probabilities at each marker position and maximums over the IBD tracts are shown. Except for IBD of length 0.5 cM in data from chromosome 1, the probability of detecting IBD when using the 0.5 posterior IBD probability threshold is at least 55% for the IBD lengths considered. Ninety percent of IBD tracts of length 2 cM are detectable in 30-kb data, while 85% of IBD tracts of length 1 cM are detectable in 3-kb data. For genomic regions with 1 cM/ Mb, $80-90% of IBD tracts of length 1 cM are detectable using data at an average spacing of 6 kb (as on the IBD probabilities were estimated for pairs of non-IBD haplotypes. In addition to considering probabilities estimated at individual locations, the maximum estimated IBD probability in each region was noted. The proportions of estimated IBD probabilities taking values ,0.01, 0.1, and 0.5 at individual locations (''Probabilities at individual locations'') and maximized over the region (''Probabilities maximized over regions'') are shown. Rows correspond to different marker densities: 30-kb average spacing (100 markers per region), 3-kb average spacing (400 markers), and subsets of 300 consecutive markers taken from chromosomes 1 and 21 of the Affymetrix 500K panel.
Affymetrix 500K SNP panel). Thus, there is good ability to detect IBD tracts of length 1 cM in data with 5-to 6-kb marker spacing, while in less dense data (30-kb spacing) tracts of length 2 cM are easily detected.
Accuracy of estimated IBD probabilities: Figure 4 shows the distribution of estimated IBD probabilities for the data at 3-kb spacing with randomly distributed IBD lengths (mean IBD length 0.5 cM and one-eleventh of the genome IBD). Estimation of IBD probabilities was performed using the same prior as was used to generate the IBD data. Note that estimated probabilities are shown for all positions, including non-IBD positions that are near the boundary of IBD tracts (these are included in the non-IBD histogram). Some of the IBD tracts may be quite short; thus it is not surprising to see low estimated IBD probabilities for many IBD positions.
As the same prior was used to generate the data as to estimate the posterior IBD probabilities, the accuracy of these estimated probabilities can be tested. Figure 5 shows that the estimated probabilities tend to be too low. For example, of those positions with estimated IBD probability 0.2, $45% are actually IBD. From an IBD detection standpoint, the estimated probabilities are conservative: the true posterior probability of IBD is larger than that reported. This may occur because the IBD haplotypes are used in building the haplotype probability model. Because the IBD haplotype is seen in the data, it does not appear to be very rare. As the estimated frequency of the haplotype is overly high, the posterior probability of IBD is underestimated. With the current procedure, it is not possible to build the IBD probabilities were estimated for pairs of haplotypes containing IBD tracts. In addition to considering probabilities estimated at individual locations within the IBD tracts, the maximum estimated IBD probability in each region was noted. The proportions of estimated IBD probabilities taking values .0.1, 0.5, and 0.9 at individual locations (''Individual probabilities'') and maximized over the region (''Maximum probabilities'') are shown. The approximate genetic lengths of the IBD regions are given. -Accuracy of estimated IBD probabilities. IBD tracts were inserted in pairs of simulated haplotypes at random according to the prior distribution. IBD probabilities were estimated at both IBD and non-IBD positions. Within each bin shown on the x-axis, the locations having an estimated IBD probability falling within the bin are considered. Of those locations falling into the bin, the proportion of locations that are actually part of an IBD tract is shown by the height of the bar for that bin. As the distribution of IBD follows the same distribution as the prior used in the IBD estimation, actual proportions should ideally match the estimated probabilities and thus fall close to the diagonal line. model without the haplotypes being considered for IBD, as they may then be assigned zero probability. This is an area for future work.
DISCUSSION
This work has shown that quite small tracts of IBD between pairs of haplotypes can be accurately detected with sufficiently dense genotype data. For example, the proposed method has high power to detect IBD tracts of length 1 cM when marker density is at least one SNP/6 kb. The examples used simulated and real data in which markers are not tag selected, and it is likely that use of tag-selected markers would enable this level of detection with slightly lower density of markers. Also, most of the results given here are based on a prior IBD distribution that has low IBD proportion. With higher prior IBD probability or a less stringent posterior IBD probability threshold, ability to detect IBD tracts will increase (however, the frequency of false-positive results will also increase). The results presented here contrast with methods that do not account for LD and haplotype probabilities and which cannot detect tracts of IBD ,3 cM in length (Miyazawa et al. 2007) .
With marker density continuing to increase, the data will soon approach the situation in which one can essentially determine IBD status continuously along the genome, which earlier work has anticipated (Feingold 1993; Browning 1998; Cheung and Nelson 1998; Grant et al. 1999; Browning 2000; Siegmund and Yakir 2003) . Nonetheless, because of LD, it will still be necessary to infer IBD status probabilistically for short IBD tracts.
Extension to unphased data and allowance for genotyping error: For practical purposes, it is not adequate to have an IBD detection method based on the use of phased haplotypes only, as phased haplotypes cannot be determined without error, and errors will significantly disrupt the ability to detect IBD. This problem cannot be alleviated by simply considering multiple possible haplotype phasings. For the lengths of regions considered (at least a hundred markers spread over 1 cM, for example), the number of possible haplotype phasings for one individual is enormous. For each combination of phasings considered for the two individuals, IBD probabilities need to be estimated. Even ignoring those haplotype phasings that have particularly low posterior probability, the number of reasonable possibilities is still too great. Thus, a method that simultaneously determines haplotype phase and IBD status is needed. This will allow estimated IBD status to inform the haplotype phasing.
The localized haplotype cluster model for haplotype probabilities is already used very successfully in haplotype inference (S. R. , and I plan to extend the method proposed here to simultaneously determine haplotypes and IBD status. The Beagle implementation of the localized haplotype cluster model is fast and flexible. It can deal with multiallelic markers as well as SNPs, and it is fast enough to be used with whole-genome association data comprising hundreds of thousands of markers and thousands of individuals (Browning and Browning 2008) . The existing haplotype-phasing routine is significantly faster than other existing programs for haplotype phase inference (S. R. . One challenge will be the large number of pairwise comparisons that are required when detecting IBD between all pairs of individuals in a large set. It may be necessary to use quick ad hoc methods to identify regions that are suggestive of IBD to reduce the number of full IBD probability calculations required.
To allow for possible genotype errors, I plan to relax the requirement that only identical alleles can be IBD. I will allow a small positive probability of IBD at positions with nonidentical alleles. An IBD tract will have to be a little larger or consist of rarer haplotypes to enable detection of the IBD when the tract contains some observed nonidentity.
IBD mapping using IBD probabilities: Once estimated IBD probabilities are available, one can use them in IBD mapping. This will be a powerful complement to existing approaches, being somewhat intermediate between LD association mapping and linkage mapping. One could either use estimated IBD probabilities directly or apply a threshold to assign IBD/non-IBD status to pairs of haplotypes. The estimated probabilities or inferred IBD status from pairs of individuals can be combined in a variety of different statistics. Options include the IBD-based statistics used in linkage mapping (Feingold 1993) , haplotype-sharing-type statistics that contrast IBD-sharing levels between cases and controls, or other approaches developed specifically for case-only IBD data (Grant et al. 1999; Siegmund and Yakir 2003) .
